This series presents research findings based either directly on data from the German SocioEconomic Panel Study (SOEP) or using SOEP data as part of an internationally comparable data set (e.g. CNEF, ECHP, LIS, LWS, CHER/PACO). SOEP is a truly multidisciplinary household panel study covering a wide range of social and behavioral sciences: economics, sociology, psychology, survey methodology, econometrics and applied statistics, educational science, political science, public health, behavioral genetics, demography, geography, and sport science.
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Motivation
A common phenomenon in population surveys is the failure to collect complete information due to respondent's unwillingness or lacking capability to provide a requested piece of information. This non-response behavior is referred to as item non-response (INR) and may be caused by a respondent's reservation to answer to a question that appears to be too sensitive, or that affects confidentiality and privacy or it may simply arise from the fact that the correct answer is not known (given the underlying complexity of the surveyed construct). While in general, simple demographic information such as sex, age or marital status is not very sensitive to ask for, thus leading to low incidence of INR, wealth or income questions, however, are typically associated with higher rates of INR (e.g., Serfling 2005, Hawkes & Plewis 2006) . There is increasing literature that explicitly acknowledges this phenomenon in micro-economic research as a specific form of measurement error (e.g., Cameron & Trivedi 2005) . Most importantly, INR on income questions has been found to be selective with respect to inequality as well as to mobility (e.g., Jarvis & Jenkins 1998 , Biewen 2001 Frick & Grabka 2005 , Watson & Wooden 2006 . Although there is growing awareness of the risk of selectivity inherent in item non-response (at least since Ferber 1966) , much of the literature on non-response behavior in longitudinal studies focuses on unit non-response and on the possible bias arising from selective attrition in such surveys (see, e.g., Groves 2006 , Groves & Couper 1998 , Lepkowski & Couper 2002 , Watson & Wooden 2006 . A minority of studies (e.g., Lee, Hu & Toh 2004; Serfling 2006; Burton, Laurie & Moon 1999) have argued that the two types of non-response should be analysed in a common framework and have proposed that respondents be arranged on a cooperation continuum ranging from (a) those who will (always) be willing to participate in surveys and also to provide valid answers (b) those who will be more or less willing to cooperate (i.e., who will take part in the survey as such but who may refuse to answer certain items, causing INR) and finally (c) those who will not take part at all (causing unit-non response, UNR). Above and beyond these basic traits, there will most likely also be situational factors that interfere with the individual's basic willingness or ability to cooperate. These may include severe illness, exceptional events such as the death of a relative, or an unpleasant relationship with the interviewer.
All these arguments will apply to any national (panel) survey. But how do they relate to internationally comparative research? In recent years, a large body of empirical literature has e-merged focusing on cross-national comparisons. Databases such as the European Community
Household Panel (ECHP) provide the empirical basis for such studies across countries or welfare regimes with harmonized (or functionally equivalent defined) micro-data (e.g., Nicoletti & Peracchi 2006) . A typical welfare economics application arises from the need to empirically monitor the harmonization of social politics in the EU by using, for example, harmonized pre-or post-government income measures to assess national redistribution policies. For optimal comparability, the harmonization of micro-data (e.g., income measures) is obviously a crucial issue in this context, but the same is true for other methodologically relevant decisions in the pre-and post-data collection phase regarding the definition of relevant population, the choice of data collection method (e.g., interview or register data), and the management of attrition-related phenomena. Rubin, 1976) , INR is often dealt with by imputation, the strategy applied in all three datasets considered here. However, while all three surveys take advantage of the longitudinal character of the underlying panel data, the actual implementation of the respective imputation strategies differs. This aspect might be of particular importance for cross-national comparability. Following the postulates of the "Canberra Group on Household Income Measurement" for harmonized national household income statistics (Canberra Group, 2001 ), we present evidence in the following that it is important to harmonize not only income measurement but also the procedures for handling and possibly also imputing observations affected by INR.
The paper is organized as follows: Chapter 2 outlines the basic characteristics of the three panel surveys including the incidence of INR (with respect to labor income), demonstrating the selectivity entailed by INR and investigating the longitudinal relationship between INR and subsequent UNR. Chapter 3 describes the imputation methods applied in the three surveys. Based on rather typical empirical research questions using labor income, Chapter 4
demonstrates the impact of imputation on earnings inequality and mobility, as well as on wage regressions. Finally, Chapter 5 concludes from the perspective of cross-nationally comparative research.
Data and Incidence of INR
The three panels
The following section briefly describes the underlying panel datasets, all of which are included in the Cross-National Equivalent File as of 2007 (CNEF; see Burkhauser et al. 2001 ).
The annual labor income information as well as the accompanying information on imputation status (flag) which is used in this paper is included as a standard variable in the CNEF. Apparently, such a "one-shot" question targeting at a rather complex construct, namely the aggregation of a variety of income sources over a period of twelve months, bears a high risk of measurement error following from understating, rounding, omitting, and non-responding. 
BHPS
HILDA
Incidence of INR and the "cooperation continuum"
Given the apparent differences among the three panels in the means used to collect annual labor earnings data, we find surprisingly little cross-national variation in the incidence of item non-response (Figure 1 ). While about 16% of all observations in the relatively young HILDA survey suffer from INR, SOEP and BHPS have shares of about 14% and 15%, respectively. Compared to an INR rate of only around 8% in SOEP for the question on "current monthly net household income", the high share of missing data might be related to the high number of different income items collected (up to ten), which raises the odds of at least one missing component. In the case of the BHPS this finding is rather unexpected, however, given that merely one question is asked 1 . On the other hand, the HILDA and BHPS questioning offers a "Don't know" category, which may as well tempt respondents to refrain from giving a positive value instead (see Burton et al 1999; Schräpler 2003b ). Finally, one should note that any seemingly valid observed income information may be affected by measurement error as well, e.g., by rounding or rough estimation (see e.g., Hanisch 2005) .
Depending on the imputation procedures used (to be described below), the incidence of INR 
Selectivity of INR
As mentioned above, INR may be a function of various factors such as the respondent's unwillingness to answer questions that are perceived as highly sensitive or in violation of confidentiality and privacy, the fact that the information requested is too complex or simply that the answer is not known (e.g., Schräpler , 2004 . The specific formulation of questions and the complexity of the construct being measured may also play a role (Hill & Willis 2001) .
One strand of research has shown that the interview situation, the survey mode, the presentation of the question with a "don't know" answer option, and possible interviewer effects inc- For the sake of cross-national comparability it is most important to control for whether the missing mechanisms coincide for the datasets considered here. For each of the panels specifically and utilizing the panel nature of the underlying data, we specify a random effects model estimating the probability of INR on our measure of annual labor earnings. 5 Based on currently employed individuals (including the self-employed) aged 20 to 65 years, we control for socio-demographic characteristics, the interview situation, the survey experience of the respondent, as well as for the complexity of the income receipt. The latter is operationalized by various dummy-variables indicating changes in an individual's labor market career over the previous (calendar or financial) year by identifying experience of unemployment and exit from education (see Table 1 ).
In brief, INR on previous year's labor income is clearly more frequent among the selfemployed, while it becomes less likely with an increasing number of months in (full-or parttime) employment. As expected, one finds a higher probability of INR in SOEP and HILDA among those who were unemployed at some point within the last year, but the opposite effect is seen in BHPS. Inconsistent findings are also found with respect to gender (SOEP and BHPS showing more INR among men, while women in HILDA provide more often a seemingly valid answer to labor income questions). In HILDA and BHPS, there is a negative education effect-i.e., more highly educated individuals are less likely to show non-responsewhile there is no such effect in the SOEP. Controlling for long-term employment patterns, it appears that INR is reduced with tenure, but at a reduced pace. Ceteris paribus, foreigners in SOEP are more likely to provide income data, while there is no significant immigrant/citizenship effect in HILDA or the BHPS. The UK and Australian panels do, however, confirm our expectation of higher response likelihood among public servants. In Germany, there is a pronounced negative probability of INR among East Germans. The results for the INR-reducing effect of survey experience, here measured by the number of interviews, are consistent across all panels. 
Imputation rules in the three surveys
Imputation is a most prominent way to handle INR in micro-data. An exhaustive description of such procedures other than the one used in SOEP, BHPS and HILDA is beyond the scope of this paper. However, it should be noted that even a very sophisticated approach of substituting for non-response may not completely eliminate any bias resulting from it. As such, the choice of the adequate imputation technique is a problem in itself. Potential bias due to imputation may creep in due to "regression-to-the-mean effects" and a potential change in total variance-most likely a decline-may occur. 7
Annual individual labor income in the BHPS is imputed using a regression based predictive mean matching (PMM) procedure proposed by Little (1988) also known as regression hot deck. The basic idea of the PMM is the use of observed predictor variables from a linear regression to predict variables with missing values. The advantage of this method is, that a possible real value is imputed and that a random error component is added to preserve variance.
The PMM method adopted in the BHPS also considers longitudinal information from a shifting three-year window. Depending on the availability of observed information about labor income in previous and subsequent waves as well as eventual job changes, either forward or backward imputation is applied resulting in 14 different regression models (ISER 2002 ). An indication for the imputation quality is given by the corresponding R-squares of the underlying regression estimations. In the first three waves of the BHPS, the share of explained variance of gross usual pay -which is the main income component for annual individual labor income -varies between 0.78 and 0.94 (ISER 2002: A5-27 ).
HILDA and SOEP are both using a two-step procedure to impute any income information missing due to INR. The primary method is based on the "row-and-column-imputation", described by Little & Su (1989) (hereafter L&S). The row-and-column-imputation takes advantage of cross-sectional as well as individual longitudinal information -using income data avai-7 See Rubin (1987) for a discussion of imputation methods and the advantages of multiple imputation that allow us to assess the degree of variation added to parameter estimates as a result of imputation. Most producers of micro-data (including those of the three panel datasets used in this paper) do not, however, provide multiply imputed information at this time. One exception is the US Survey of Consumer Finances (Kennickell & McManus 1994) . Multiple imputation is also used to correct for item non-response in the wealth data collected in the 2002 wave of the German SOEP (Frick, Grabka, and Marcus 2007) . For an evaluation of alternative treatments of INR by means of weighting see, e.g., Rässler & Riphahn (2006) or Little & Rubin (2002) .
lable from the entire panel duration -by combining row (unit) and column (period/trend) information and adds a stochastic component resulting from a nearest neighbor matching, i.e.,
imputation = (row effect) * (column effect) * (residual).
Using an exemplary panel with 20 waves of data, the column effects are given by A secondary method is needed whenever longitudinal information is lacking. This includes not only first time respondents, but all those observations for whom a given income variable has been surveyed for the very first time. Hence, a purely cross-sectional imputation method needs to be applied. In the case of HILDA a nearest neighbor regression method (similar to that used by the BHPS) is deployed. In the SOEP, this is accomplished by means of a hotdeck regression model supplemented by a residual term retrieved from a randomly chosen donor with observed income information in the regression model. 8
In an evaluation of various imputation methods, Starick (2005) argues that "in a longitudinal sense, the Little & Su methods perform much better when compared to the nearest neighbor regression method. Evidence shows that the Little & Su methods preserve the distribution of income between waves. Furthermore, the Little & Su method perform better in maintaining cross-wave relationships and income mobility" (Starick 2005: 31) . This finding is also confirmed by Frick and Grabka (2005) for the SOEP by showing that L&S imputation performs better in terms of preserving the distribution than a regression based imputation strategy. 9
To check for robustness and to control for possible effects of the choice of imputation strategy on the inequality and mobility measures, we use the methodology of Little & Su (1989) for the BHPS data as well. It must be noted that we do not impute the single income components but only the aggregated "annual labor earnings" measure here. About 80% of individuals with missing labor earnings can be imputed with the L&S method, while for the remaining 20% we use the original BHPS regression results. In other words, there are no longitudinal earnings data available for the latter group.
In the following we will compare results obtained from the imputation techniques as given by the various original data providers: HILDA, BHPS, and SOEP, where we will also look at results obtained from a "fresh" panel, SOEP Sample F. In the case of the BHPS, we will provide a point of comparison using the alternative imputation method of Little & Su (1989) .
9 In a simulation study, Frick and Grabka (2005) use a random sample of approx. 1,000 observations for which a positive value of "labor income from first job" has been observed and who provide longitudinal information as a prerequisite for the L&S procedure. While the L&S procedure overstates inequality by about 9%, the crosssectional approach understates the Gini by about 18%. This finding is in line with the results of Spiess and Goebel (2003) based on survey and register data for Finland.
Empirical application on the impact of imputation
Keeping in mind the above findings on incidence and selectivity of INR across panels as well as the differences and commonalities in the respective imputation process, the following analyses focus on the impact of imputation on prototypical applications. We will first concentrate on distributional aspects (measured by various income inequality indicators) and on earnings mobility derived from wave-to-wave comparisons (again applying various mobility indicators in order to control for robustness of our results (section 4.1)). In section 4.2, we investigate whether imputed observations "behave" differently in a wage regression model,
i.e., whether correct inferences can be drawn from a dataset excluding observations with INR.
Imputation and the analysis of earnings inequality and mobility
Accepting the applied imputation strategies, i.e., assuming that these correctly identify the underlying missing mechanism, obviously any increase in selectivity of non-response will be reflected in the deviation of empirical results based on truly observed cases ("complete case analyses") from those derived on the basis of all observations (i.e., observed plus imputed cases).
A comparison of basic statistics of annual gross labor income (top panel of Table 2 ) shows income levels (given by mean and median) to be clearly lower among the population with imputed values in the case of BHPS and HILDA, while in the SOEP a reverted tendency can be observed. 10 The result for the overall population ("all cases") thus deviates from the one for the observed cases, e.g., the overall median in HILDA is about 2.2% lower than the value resulting from "observed cases" only. Extending our perspective to cross-sectional measures of inequality, a rather robust picture of understated inequality appears when using "complete case" analysis. For selected indicators, we find statistically significant differences after including imputed values. For example, the 90:10 decile ratio as well as the MLD (mean logarithmic deviation) for the observed cases in HILDA understate inequality by about 5%, while in Germany the top-sensitive HSCV (half-squared coefficient of variation) increases by alm-10 The analysis of income inequality is based on pooled, deflated income data for all available years as described in section 2. In case of Australia inequality is rather stable over the 5-year period, whereas in Germany we observe an increase in earnings inequality over the recent years. Finally, the results for Britain show an increase in inequality in most years since 2002 after a period of slightly declining inequality. The development of the topsensitive HSCV measure appears rather erratic since the late 1990s (see Appendix, Table A-1).
ost 4% and even the change in the rather robust Gini coefficient indicates rising inequality when considering the imputed cases as well. The results obtained from the row-and-column imputation of missing income data in the BHPS instead of the originally provided hot-deck imputation yields somewhat higher imputed values, but inequality among the L&S-imputed observations is less pronounced here. Following from this, the deviation between "all" and "observed" is not significant in any of the measures employed.
As shown above, the missing mechanisms for INR on labor income point towards selectivity with respect to characteristics found more often among attriters. Given that attrition is controlled for in most panel surveys through weighting factors that represent the inverse probability of being selected into and dropping out of the sample, one may assume that the use of population weights in the present context will increase the percentage of the population showing INR. Indeed, the weighted population share containing imputed labor income data is as high as 15% in HILDA, 13% in the overall SOEP sample (but 20% in Sample F), and 18% in BHPS.
With respect to labor income mobility, as is true for any longitudinal analyses, one can expect the impact of imputation to be even more relevant because INR may be an issue in at least one of the waves under consideration. For matter of simplification in this application, we just use a series of two-wave balanced panels (pooled across all available waves in each survey), i.e., the effects shown below would be even more pronounced in any multi-wave analyses (see lower panel of Table 2 ).
Above and beyond the general finding of inequality being understated among the "observed cases", clearly more distinct and statistically significant differences can be found for labor income mobility-conditional on the applied imputation techniques. Depending on the mobility measure used as well as depending on the population share affected by imputation, the results between "observed" and "all" cases (including the imputed ones) deviate in case of the original BHPS by as much as 27% to 47%, using the alternative imputation this change in mobility is somewhat less pronounced (between 19% and 43%). In the SOEP (as well as in SOEP-sample F) the corresponding shares are between 10% and 30% and in HILDA this range is from 15% to 31%.
Focusing only on "complete cases" would yield an even higher loss in statistical power or efficiency due to the massive reduction in the number of observations. The last row in Table 2 indicates that the (weighted) population share containing imputed data in at least one of the two waves considered is as high as 20% in HILDA, 31% in SOEP, 38% in BHPS and even 43% in SOEP's recent Subsample F. 
Imputation and wage regressions
Obviously, there is convincing evidence for selectivity in INR on labor income questions in all three considered panel datasets. Concluding from this, it stands to reason that coefficients derived from (simple) wage regressions will be biased as well. Potential ways of dealing with such phenomena could be given by estimating a Heckman selection model (Heckman 1979) where the selection function would focus on the INR and the wage regression would be based only on the "observed" values. Even if this would allow for a perfect correction, there remains the problem of a loss in efficiency (caused by the loss in observations).
Following we will try to shed some light on this issue by comparing the results of fixed effects wage regressions based on the "observed" cases (column 1 in Table 3 ) to those based on the entire population including the imputed ones (columns 2). Finally, in column 3 we repeat the estimation from column (2), however we add a dummy-variable identifying the imputed observations. Table 3 gives those results separately for the three panels (as well as the alternative BHPS-imputation and separately for SOEP-sample F) controlling for usual covariates relating to human capital, socio-demographics, regional agglomeration, health status and (changes in) labor market participation over the last year. We refrain from including covariates focusing on the current employment situation in order to be able to include individuals currently not employed but who did receive earnings over the observation period (e.g., those
who recently retired or who are unemployed).
In general, the findings based on "observed cases" are widely consistent for SOEP and BHPS with respect to direction and significance of most parameter estimates as well as with respect to the overall degree of explained variance (about 50%). Contrary results are given in case of the unemployment experience in the previous year, which is found to be significantly positive in the BHPS and significantly negative in SOEP. 11
For HILDA, however, the specified model performs rather poor with an exceptionally low Rsquared (approx. 22%) for such kind of an analysis. 12 Nevertheless, the estimated coefficients show into the expected direction, although sometimes lacking statistical significance.
More important for the sake our paper, however, is the effect of the additional consideration of imputed observations (see columns 2): In all three panels, this yields a pronounced reducti- around the estimators, we find the effect of self-employment to significantly deviate in the two estimations (columns 1 and 2, respectively) in HILDA, while the strong effect of number of months in employment is even different in all three panels. Comparing such findings for the original BHPS imputation to the alternative row-and-column-imputation, it appears that the deviations between the coefficients derived from the observed cases and from the overall sample are not always perfectly in line. For example, while the age effect due to the original BHPS imputation does not change significantly, the alternative imputation method yields a reduced age effect. Although the two methods do not show any explicit contradictions, the coefficients for "remote area" and "disabled" decrease in statistical significance when using the Little & Su (1989) method. Such variations, however, may simply result from the selection of controls in the PMM regression model underlying the original BHPS imputation.
Finally, column 3 contains the repetition of the estimation in column 2, however, controlling for imputation status. The corresponding effect indicates that individuals with imputed incomes, ceteris paribus, earn significantly above average in SOEP and HILDA (about 5% to 6% more), while they earn 4% less in BHPS-data. However, changing the imputation strategy for the BHPS again yields a significant change in the "behavior" of the imputation flag: with "row-and-column" imputation we also find a positive effect of similar size (almost 5%).
For each set of panel data separately, we estimated quantile regressions (at the 25 th , 50 th and 75 th percentiles), controlling for potential regression-to-the-mean effects emerging from the imputation process across the earnings distribution (see Appendix, For the BHPS, in line with the changing effect of the imputation flag when changing the imputation strategy in the fixed effects wage regressions, we find an almost identical effect across the UK earnings distribution. The Little & Su (1989) imputation method also produces a significant negative effect for imputed observations at the 25 th percentile, which becomes insignificant at the median, and finally positive and significant at the income threshold to the upper quartile. We interpret these findings as an indication that the imputation techniques applied did not produce a relevant regression-to-the-mean effect. 14 14 In order to control for possible endogeneity, we excluded the covariates "disabled" and "retired" from the BHPS estimations. This resulted in a minor decrease in the R-squared, but there was little change in the remaining results except for the "unemployment" effect, which reversed sign and significance at the 25 th and 75 th percentile. -0.000** -0.000** -0.000** -0.002** -0.002** -0.002** -0.001** -0.001** -0.001** -0.001** -0.001** -0.001** -0.001** -0.001** -0.001** (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Female with kid(s)* -0.162** -0.159** -0.159** -0.337** -0.325** -0.325** -0.336** -0.339** -0.339** -0.336** -0.300** -0.300** -0.054* -0.057** -0.056** (0 
Conclusion
This study deals with item non-response (INR) on annual labor income questions as a specific type of measurement error in three large panel surveys (the German SOEP, the British BHPS and the Australian HILDA). We provide empirical evidence for considerable cross-country variation with respect to incidence and selectivity of INR. Longitudinal imputation is the preferred way to handle INR in all three panels, with HILDA and SOEP using in principle the same strategy as suggested by Little & Su (1989) , and the BHPS making use of a hot-deck regression approach. 16 Applying the approach used in HILDA and SOEP to the BHPS as well provides an empirical basis for robustness and sensitivity checks with respect to the choice of imputation technique.
The selectivity of item non-response and hence, the imputation of such missing observations, appears to have a significant impact on both, the distribution of earnings and earnings mobility. Results on inequality suggest that using observed values only, i.e., "case-wise deletion", produces downward biased estimates. Likewise, analyses of earnings mobility based only on cases with observed information significantly understate income variability over time. Additionally, our analyses provide evidence for a positive inter-temporal correlation between item non-response and any kind of subsequent (item-and unit-) non-response, including permanent refusals.
Estimating wage regressions based on observed vs. all cases and controlling for imputation status, indicates that individuals with imputed incomes, ceteris paribus, earn significantly above average in SOEP and HILDA, while this relationship is negative using BHPS data. 17
However, using the same imputation technique for all three surveys produces remarkably 16 The single imputation techniques currently applied in all three panels probably underestimate variance, and as such there may be demand for more complex variance estimation methods (e.g., jackknife estimators). However, the L&S imputation technique used in case of SOEP and HILDA may also be extended to a multiple imputation procedure by matching any non-respondent to more than one neighboring case (see Little & Su 1989: 415) . Such a multiple imputation would more appropriately acknowledge the uncertainty embedded in the imputation as such. 17 In any case, we find that selected estimated coefficients are subject to change when considering the entire population instead of the more homogenous population with observed income data. The most important lesson to be learned from the present study is that the cross-national variation in INR presented here-variations in scope and selectivity, in strategies used, and consequences for prototypical labor income analyses-emphatically confirms the importance of further harmonizing the methods used to handle missing (income) data in (panel) surveys.
Cross-national research relies crucially on homogeneously defined, functionally equivalent 26
information. As such researchers should be aware of decisions made during the entire data production process: be it prior to data collection (e.g., regarding the wording of questions on annual income) or in the process of post-data collection treatment (e.g., when controlling for non-response through weighting and imputation). Given the importance of knowing all assumptions embedded in the imputation process, it is critical that survey data providers carefully document their imputation strategies and flag the imputed values in all microdata available to external users, thus allowing to differentiate imputed from observed data. In so doing, they will enable data users to conduct sensitivity tests to determine the impact of imputation, which-as shown in this paper-may be even more significant in the case of cross-national analyses. In the long run, this kind of methodological feedback from the user community may help to improve the quality of the imputation methods used by data collection, production, and dissemination agencies.
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